Data sets used for evaluations in developing countries do not lend themselves to measuring the impact of training programs on the re-employment dynamics of trainees. An exception is a data set collected for an evaluation conducted in 1994 on participants in a training program targeting the unemployed in Mexico. In addition to having a control group of eligible individuals who did not participate in the program, this data set is the only one with longitudinal data covering not only the length of unemployment episodes after the training of the respondent, but also the duration of his/her employment spells. We use this data and estimate the additional weeks individuals work as the result of training, relative to what would be the case without it. Based on hazard functions, we calculate a program's impact on both the time spent searching for a job and the time spent in that job. We show that a failure to distinguish between finding a "sustained" job versus finding "a job" can lead to misleading conclusions about a program's effectiveness. We also illustrate the need to correct for unobserved heterogeneity across individuals in hazard functions to avoid misleading implications in an evaluation.
Introduction
As a consequence of the democratization process in a number of developing countries, there has been a call for transparency in and critical assessment of public spending. Sometimes the same demand has been made by international agencies, such as the Inter-American Development Bank (IDB), Asian Development Bank (ADB) and World Bank, when specific public spending programs have been financed by them. This practice has led to a growing consensus that the future of active labor market programs in particular should be decided after adequate measurements of their impact have been conducted.
Unlike in developed countries, the lack of unemployment insurance and the very low savings of workers in developing countries make open unemployment unaffordable for most participants in the labor market. Faced with poor employment opportunities, unemployed workers are forced to engage in low-paying activities in which they are less productive than they would be otherwise.
Because of this, the impact of programs targeted to the unemployed depends to a great extent on their effectiveness in achieving good job matches.
These adverse economic conditions also account for a public policy emphasis on programs that help individuals find a "sustained" job-as opposed to "any job." Therefore, an assessment of the impact of programs seeking to help the unemployed regain employment-regardless of how long they hold on to it-is only part of the feedback needed by policymakers to determine its effectiveness. Indeed, as suggested by Ham and Lalonde (1996) , " [They] may prefer to fund a program that lengthens employment durations as opposed to one that shortens unemployment durations, because the former program is likely to lead to more stable job histories and greater human capital accumulation." 2 In spite of the need for this kind of feedback, and for rigorous evaluations that may lead to insights regarding the successful implementation of programs in other countries, data sets used for evaluations in developing countries do not lend themselves to measuring the impact of training programs on the re-employment dynamics of trainees.
3 An exception is a data set collected for an evaluation conducted in 1994 on participants in a training program targeting the unemployed in Mexico. 4 In addition to having a control group of eligible individuals who did not participate in the program, this data set is the only one with longitudinal data covering not only the length of unemployment episodes after the training of the respondent, but also the duration of his/her employment spells. In spite of the richness of this data set, previous evaluations that have used it have concentrated exclusively on the program's impact on the reduction of time required to find a job and/or on the probability of finding one. 5 That is, they have addressed the problem of the employability of workers as is commonly done in other developing country studies.
In this paper we use this data set to calculate the training program's impact on the number of weeks needed by participants to find a job and on the time they spend in that job. We estimate the number of additional weeks within a year individuals would work, relative to what would be the case if they did not participate in the training program. These calculations are based on hazard functions. Our analysis allows for non-parametric correction of biases due to unobserved heterogeneity across individuals.
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We illustrate how a failure to eliminate biases originating from this source might lead to erroneous conclusions regarding the effectiveness of the program. In addition, with a nonparametric estimation of the time dependence of our hazard functions, we capture how hazard rates out of employment first increase and then start declining-as suggested in theoretical economic models of job-matching and turnover.
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The structure of the paper is as follows: the data set is described in Section 2, with an emphasis on information about re-employment dynamics. Section 2 also explains the procedure that matches a trainee with a member of the non-participant group. The statistical framework used in this evaluation is presented and discussed in Section 3. Section 4 presents the results and Section 5 discusses the impact of the program on its beneficiaries and presents the cost-benefit analysis, as applied to this type of program. The final section offers some conclusions.
Characteristics of the Data Set

Re-Employment Dynamics
We use a data set that registered the re-employment dynamics of participants in a training program and of members of an appropriate control group. The program consisted of courses and training offered to unemployed individuals with previous working experience, lasting for an average of three months, in publicly funded institutions associated with either the Ministries of Education or Labor.
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In addition to time needed to find a job after their training, the survey registered whether respondents were still in their first post-training job at the moment of the interview (September 1994).
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If that was not the case, it registered the length of time they kept that job. The survey also captured the number of weeks in unemployment already experienced prior to joining the program.
The key feature of this survey is that it enabled us to construct job histories for each interviewed person. Figure 1 illustrates the example of an individual interviewed at point in time t 3 .
His job history shows that after the end of his training (t 0 ), he experienced an initial unemployment spell, u 1 , (which captures how fast he found a job). At time t 1 , he found an initial job, e 1 , but left it after a number of weeks (which are represented by the difference between t 2 and t 1 ). The figure also
shows that, prior to joining the program, this person had already experienced a number of weeks of unemployment, u 0 . 
Employment
Employment Women Men
These data appear in the first column of Table 1 , which shows the proportion of men who remained unemployed after finishing training. The second column of Table 1 indicates that while 76 percent of the men stayed in their job for at least four months, only two out of three lasted longer than six months in their first post-training job and only half stayed for at least one year. By contrast, the third and fourth columns show that the unemployment rates of female participants were significantly higher during the periods examined. Barely half of these women had found a job within six months and 32 percent remained unemployed a year after finishing the training. In addition, although the patterns of employment retention rates for these women were similar to those of the men, the survival rates for each date were relatively lower for women.
Matching Procedure
The control group for this evaluation consisted of eligible people who did not participate in the program. Unlike members of control groups used by experimental evaluations, they were not selected from the set of individuals who intended to participate but were refused enrollment into the program. Their input was needed to infer counterfactual outcomes for participants, namely what the beneficiaries of the program would have experienced had they not participated. The empirical survivor functions corresponding to members of the control group (the last columns of Table 1) indicate the percentage of individuals who stayed in each job category.
Due to the non-experimental nature of this evaluation, we used a matching method to pair each trainee with a member of the control group who had similar pre-program observable characteristics. The assumption justifying the use of matching methods for an unbiased evaluation of this program is this: conditional on a vector of observable characteristics, W, the employment and unemployment periods of the set of non-participants have the same distributions that participants would have experienced had they had not participated in the program. In view of the large number of pre-treatment observable characteristics, we applied the propensity score method variant of matching (Rosenbaum and Rubin, 1983) . This variant has the advantage of reducing the dimensionality of the matching problem down to matching on one scalar, while considering the importance of all pretreatment variables included in the analysis. This scalar is the propensity score, P(W), defined as the probability of participation in the program conditional on pre-treatment observable characteristics.
A logit-regression was estimated to include each individual's propensity score, P(W). We incorporated as predictor variables in the logit regression the following pre-program observable characteristics of individuals (see the Appendix): geographic zone where the individual is located; four demographic characteristics: age, family position, education and civil status; time spent without a job previous to the training; three characteristics of the previous job: part-or full-time, formal or informal sector 10 and whether the individual was a wage earner or self-employed; three reason why the individual left the previous job: 1) marriage, care of children or relatives, 2) being fired or plant closure (identified as market reasons) and 3) unsatisfied with the job or left to study. We also included occupation in their last job.
We identified for each of the treatment group members a corresponding match from the control group, subject to the following two requirements: both of them had to be of the same sex and the absolute differences in their propensity score values could not be larger than 0.01. When there was more than one control candidate for a trainee, the matched person was randomly selected among non-participants fulfilling this criterion.
Following these criteria, we matched 1390 sets of men and 322 sets of women. Table 2 presents the parameters of the distribution of these two groups. As is shown, working with these subsets of the original sample, we end up with treatment and control groups that are distributed almost as if they were obtained from a "balanced experiment." The number of trainees that could be included in our analysis compared to those from the original data set was 89.5 percent of available men and 86.3 percent of available women. The incurred wastage of information is the cost to be paid for not having to worry about biases caused by differences in the support of the distribution of P(W) for each group, or in the shape of the distribution over the common support. 
Specification of the Model
To calculate the program's impact on the re-employment dynamics of the trainees, we follow the semi-parametric estimation procedure originally proposed and used by Meyer (1990) -namely, a piece-wise proportional hazard model that allows for unobserved heterogeneity correction. We discuss first the general characteristics of this model and then the specific assumptions used to address heterogeneity.
Hazard Function Specification
Survival models take as the point of departure the definition of a nonnegative continuous random variable T, which represents the spell duration with a density function, f(t). This function f(t) has a corresponding survivor function, simply defined as 1-F(t), i.e. as the probability that duration will equal or exceed the value t (where F(t) is the distribution function). The hazard function, h(t), is
given by:
In this relationship, h(t) can be interpreted as an exit rate or escape rate from the state in consideration. It is the limit (as Δt tends to 0) of the probability that a spell terminates in interval (t, t+Δt), given that the spell has lasted t periods.
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We use the so-called "Mixed Proportional Hazard" (MPH) model. Its specification has two parts: a "baseline" hazard and a "systematic part." Using the assumption that the "systematic part" of the hazard takes the form of an exponential function, the hazard rate is thus multiplicative in all the separate elements of the covariates. In addition, we specify that the systematic part is composed of two parts: observed individual characteristics, X, 12 and a binary dummy variable, Z, indicating whether or not the individual is in the treatment group, 13 viz:
11 Some people who started a spell of employment/unemployment in a given job status may still have been in the same status when they were last interviewed. The data for these people are called censored, and they would constitute a problem for a standard regression model where the dependent variable was the length of the spell. If we exclude people with unfinished spells, we throw away part of the data set and introduce a serious bias against people with longer and more recent spells in each of the job statuses. Duration models have the distinct advantage of being able to handle censored data effectively (Kieffer, 1988) . 12 By construction, the duration of the first post-training job, te, starts after the moment at which the first spell of unemployment, tu1, is realized. A multi-spell specification of these models enables us to capture the dependence between states by including tu1 as an additional covariate in the hazard for te. (Van den Berg, 2000 and Calderón-Madrid and Trejo, 2001) . 13 This assumes that the different services provided by the multidimensional nature of the training program are adequately captured by a single binary variable.
The baseline hazard, h 0 (t), captures the common hazard among individuals in the population, while the systematic part captures the individual observed heterogeneity through the effect of a set of covariates on the hazard rate. As in Meyer (1990) , we allow for a flexible duration dependence in our estimation by using a step function for h 0 (t). That is, we estimate a piecewise-linear baseline hazard with a number of breakpoints.
In turn, β is the vector of parameters to be estimated and so is the scalar γ. The larger the exponential of the parameters in β are, the more probable it is that the individual with characteristics
represented by X will exit the job status, given that the spell has lasted t periods.
Semiparametric Specification of Unobserved Heterogeneity and Time Dependence
Also following Meyer (1990) in the specification of unobserved heterogeneity across individuals, we assume that, if this is present, it is independent of the covariates, its distribution can be approximated with two points of support and it enters the hazard function multiplicatively.
Additionally, in view of the multi-spell nature of the re-employment dynamics under analysis, we assume that it is independent across spells. Hence, the hazard function to be estimated becomes:
where Ω i is a random variable that is assumed to be independent of X and Z. As it is commonly done, we assume a specific shape for the distribution of the variable Ω i . In our estimations, the covariates of the systematic part X were: individual characteristics such as head of household, level of formal education, age and marital status, as well as: time spent without a job before the date at which training began; characteristics of his/her previous job according to whether it was in formal or informal sector, whether it was part or full time and if the person was self-employed or wage earner; type of occupation; and reasons why the previous job was left. 
Results
The hazards out of unemployment and of employment were estimated separately for males and females. The results are presented in Tables 3 through 5 . We estimated two cases: one in which unobserved heterogeneity is controlled for and the other in which it is not. As stated in the previous section, we assume that: 15 14 These are presented and detailed in the Appendix. 15 Our procedure maximized a likelihood function with respect to both the location and amount of probability mass at each of the points of support.
Unobserved heterogeneity is independent of the covariates, independent across spells and is drawn from a distribution with two points of support, v1 and v2, with probability p1 and p2, respectively.
As the last four rows of Tables 3 and 4 indicate, the statistically significant values of the two-point distribution v1 and v2 imply that controlling for unobserved heterogeneity was required in the case of exits from unemployment, both for female and male participants. By contrast, we rejected the hypothesis of biases due to unobserved differences across individuals in the case of hazards out of employment for male and female participants. There are two explanations why this result differs from that of unemployment. First, only individuals who found a job are included in the estimations in Table 5 , after a corresponding matching procedure was conducted when required.
That is, we might have been left with a group without unobserved heterogeneity across individuals;
those that presented it remained unemployed. Second, unobserved heterogeneity, but dependent across spells, might prevail, but this is not captured by our estimations because we explicitly ruled it out with our statistical assumptions.
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The results of the coefficients for the treatment variable Z in Columns 2 and 5 in these tables indicate that ignoring unobserved heterogeneity leads to erroneous interpretations about the effectiveness of the program in helping both females and males out of unemployment. The effect of the program on hazard rates out of unemployment and of employment is given by the estimated coefficient for this dummy variable, which indicates program participation. A positive impact on reemployment dynamics is implied when the exponential value of this coefficient is above (below) unity in hazards out of unemployment (employment).
It is also interesting to mention two counter-intuitive results arising in the last columns of status because their contract finished, because they were fired or because the plant they were working at closed.
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Our nonparametric estimation of the time dependence of the hazard function indicates that no flexibility of duration dependence was required for the case of exits out of unemployment (first and second rows). By contrast, the first five rows in tables with hazards rates out of employment indicate that these first increase and then start declining, as suggested in theoretical economic models of job-matching and turnover (Jovanovic, 1979) .
The main conclusions of the impact of the program on the participants' re-employment dynamics are as follows:
1. We reject the hypothesis that the impact on female participants' transitions out of unemployment is statistically insignificant, once biases due to unobserved heterogeneity are eliminated. This implies that the program is effective in helping them to find a job more quickly. The opposite is the case for male participants: once we control for unobserved heterogeneity, we conclude that the program does not help them to find a job more quickly. As it is shown in the second column of Table 3 , they find a job more than twice as fast asthose who left it to study and almost 50 percent faster than those who left their jobs due to dissatisfaction with them. 18 For females' hazard rates out of unemployment, the impact of the program in terms of percentage reduction in time required to find a job is calculated as follows. The exponential of the parameter affecting the variable Z (dummy for participating in the program) is 1.55. With this figure, we get an impact of approximately 0.645 (1/1.55) in the expected time to find a job, which is attributed to the training. This implies a 35 percent reduction in the time required to find a job, relative to those who did not participate in the program. In view of the unemployment hazard function specification, the standard normalization for unobserved heterogeneity sets an expected value equal to 1. Hence in this case we refer to observations whose average value of the unobserved heterogeneity has an unadjusted hazard. 19 This is the conclusion that Wodon and Minowa (2001) As shown in our analysis, the impact on re-employment dynamics is positive because participants retain their jobs for a longer period of time, even if the program is not effective in helping them find a job more quickly. Table 6:  20 69 female participants and 43 male participants. With these results, and an assumption of post-training wages remaining at pre-treatment levels, a first approximation to benefits in yearly income earnings of participants can be obtained for cost-benefit analysis. 
Conclusions
We worked with a data set that registered the duration of unemployment and of employment after training was provided by a program targeted to the unemployed. This information-a set of variables associated with characteristics of their previous work and with their demographic profileenabled us to estimate the program's impact on re-employment dynamics. Our results indicate that this program, which has been offered by the Mexican government for more than a decade, is more than a safety net providing temporary relief for the unemployed, as has been suggested in studies using the same data set but ignoring a number of issues raised in this paper.
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As might be the case with other training programs in developing countries, the impact on earnings of this program's trainees attributed to additional weeks working in a year-even in the absence of a major improvement in daily wage-might be a benefit large enough to compensate for a large part of the costs of the program.
Our results indicate that, once male and female participants find a job, they are employed for a longer period of time relative to what would have been the case had they not benefited from the program. They also show that women who participate in the program also benefit from shorter periods of time spent looking for a job. Our analysis showed that testing for unobserved heterogeneity must be an integral part of this type of estimations. Two misleading results were obtained when unobserved heterogeneity was not accounted for: one was hazard functions implying counter-intuitive results, such as female heads of household spending more time looking for jobs than other women in the labor market. The other was the fact that the impact of the program on unemployment spells of participants was not well estimated. 
